Abstract. We analyzed changes in surface relative humidity (RH) at the global scale 
Introduction
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145 where e is the actual vapor pressure in hPa and e s is the saturated vapor pressure in hPa.
146
As a function of the wet bulb air temperature (T w ) in ºC, e is estimated following two 147 different equations with respect to water/ice. If T w is above 0ºC, e is calculated as : (5)
155
Where P mst is the pressure at the height level.
156
T w is obtained according to Jensen et al. (1990) : 163 We employed the gridded land precipitation and surface air temperature data (TS 164 v.3.23), provided by the Climate Research Unit (UK), at a 0.5º spatial interval for the 165 period 1979 -2014 (Harris et al., 2014 . This product was developed using a relatively 166 high number of observational sites, which guarantees a robust representation of climatic 167 conditions across worldwide regions. Importantly, this product has been carefully tested 168 for potential data inhomogenities as well as anomalous data. 
Land precipitation and land air temperature

Sea Surface Temperature (SST)
171
We used the monthly SST data (HadSST3), compiled by the Hadley Centre for the 
Ocean evaporation and continental evapotranspiration data
176
To quantify the temporal variability and trends of land evapotranspiration and oceanic 177 evaporation, we employed two different datasets. First, the oceanic evaporation was 178 quantified using the Objectively Analyzed air-sea Fluxes (OAFLUX) product (Yu et al., statistical significance of the detectable changes, we applied the nonparametric Kendall statistic, which measures the degree to which a trend is consistently increasing 196 or decreasing (Zhang et al., 2001 ). To account for any possible influence of serial 197 autocorrelation on the robustness of the defined trends, we applied the modified Kendall trend test, which returns the corrected p-values after accounting for temporal 199 pseudoreplication in RH series (Hamed and Rao, 1998; Yue and Wang, 2004) . The 200 statistical significance of the trend was tested at the 95% confidence level (p<0.05).
201
Following the trend analysis results, we selected those regions that showed a high 
Identification of continental and oceanic moisture sources
210
We used the FLEXPART V9.0 particle dispersion model fed with the ERA-Interim 211 reanalysis data. According to this model, the atmosphere is divided homogeneously into three-dimensional finite elements (hereafter "particles"); each represents a fraction of 213 the total atmospheric mass (Stohl and James, 2004) . These particles may be advected 214 backward or forward in time using three-dimensional wind taken from the ERA-Interim 215 data every time step, with superimposed stochastic turbulent and convective motions.
216
The rates of increase (e) and decrease (p) of moisture (e-p) along the trajectory of each 217 particle were calculated via changes in the specific moisture (q) with time (e-p = 218 mdq/dt), where m is the mass of the particle. Similar to the wind field, q is also taken 219 from the meteorological data. FLEXPART allows identifying the particles affecting a 220 particular region using information about the trajectories of these selected particles. A 221 description of this methodology is detailed in Stohl and James (2004) .
222
The FLEXPART dataset used in this study was provided by a global experiment in 223 which the entire global atmosphere was divided into approximately 2.0 million 224 "particles". The tracks were computed using the ERA-Interim reanalysis data at 6 h 225 intervals, at a 1º horizontal resolution and at a vertical resolution of 60 levels from 0.1 226 to 1000 hPa. For each particular target region, all the particles were tracked backward in 227 time, and its position and specific humidity (q) were recorded every 6 h. With this 228 methodology, the evaporative sources and sink regions for the particles reaching the 229 target region can be identified. All areas where the particles gained humidity (E -P > 0) 230 along their trajectories towards the target region can be considered as "sources of 231 moisture". In contrast, all areas with lost humidity (E -P < 0) are considered as "sinks".
232
A typical period used to track the particles backward in time is 10 days that is the 233 average residence time of water vapor in the global atmosphere (Numaguti, 1999) .
234
However, we followed the methodology of Miralles et al (2016) , where an optimal 235 lifetime of vapor in the atmosphere was calculated to reproduce the sources of moisture.
236
As such, three steps were carried out in this order: i) all the particles that leave each target region were tracked back during 15 days and the "initial sources" at annual scale 238 were defined as those areas with positive (E-P) values, ii) from these "initial sources", 239 all the particles were forward tracked during 1 to 15 days individually, and (E-P)<0 was 240 calculated for these lifetime periods to estimate the precipitation contribution over the 241 target region, iii) the optimal lifetime selected for each region was chosen according to 242 the minimum absolute difference between the FLEXPART simulated precipitation and 243 the CRU TS v.3.23 for each region, iv) and finally the backward tracking was 244 recalculated during these optimal lifetimes.
245
We defined the climatological spatial extent of each source region corresponding to a and seasonal (boreal summer and winter) positive (E-P) field (Vazquez et al., 2016) .
248
Then, for each year of the period, we estimated the total moisture supply from each 249 source region. showed positive trends.
347
Albeit with these complex spatial patterns of RH changes, there is a globally dominant 
358
As RH is mostly dependent on changes in specific humidity (q), there is a dominant there are some differences in the location and the intensity of the moisture sources, with more oceanic contribution during the boreal warm season. However, in both cases, the 388 continental moisture seems to be the key source of humidity in the region (Suppl. Supplementary Fig. 11 ). This annual pattern was also observed for the boreal cold and indications on some relevant patterns. Figure 12 illustrates the spatial distribution of the 538 magnitude of change of annual and seasonal SST and oceanic evaporation.
539
Supplementary Fig. 51 shows the spatial distribution of trend significance. As depicted,
540
complex spatial patterns and high variability of the trends were observed, particularly 541 for oceanic evaporation. Furthermore, the spatial distribution of the magnitude of 542 change in annual and seasonal oceanic evaporation was not related to the SST changes 543 ( Supplementary Fig. 52 ). This finding suggests that oceanic evaporation is not only by the land/water supply from the site itself, but it can further be controlled by land 590 evapotranspiration over remote continental areas.
591
In general, our results suggest an influence of land-atmosphere water feedbacks and 592 recycling processes on RH variability and trends. This is simply because more available and statistical significance of trends.
